Spatial data are data describing places or things. Spatial data are spatially sufficient when they contain enough detail to fully characterize the places or things that they represent. Thus they are spatially representative of the constructs they represent. For example, spatial data used for demographic research are spatially representative when they are fully representative of the populations within the places studied. Spatially representative data for topographical or environmental research are fully representative of the terrain or biological or natural features within the places studied. Population-based samples, such as the US census of Populations data products, are good examples of spatially representative data for spatial demography research.
Some examples of data that are not spatially representative may help clarify what exactly we mean by spatially sufficient data. Climate or air quality data collected from a geographically sparse set of monitoring stations do not provide spatiallyrepresentative climate or air quality data for all places. These data are samples, with geographic addresses, but don't reflect all places and can't be generalized to reflect all places accurately. Smoothing over these climate data using spatial interpolation methods to fill in the gaps, providing data where there aren't monitoring stations, is prone to error. Wind patterns, topographic features, and natural features (lakes, rivers) affect air currents and climate data in ways not captured by uniform smoothing algorithms. By contrast, grid or raster data provided by satellite imagery to completely characterize land cover at a very fine spatial scale are spatially representative data.
From a demographic perspective, survey sample data are examples of data that are not necessarily spatially representative. If the survey was designed to fully characterize populations within certain geographic units, then they are spatially representative of populations in those geographic units. For example, the Behavioral Risk Factor Surveillance System (BRFSS) was designed to represent populations in states, and is spatially representative of health behaviors in the state-level populations. Some states, such as Illinois, Florida, and South Carolina, have taken the initiative to provide funding for oversampling so that every county in the state is wellrepresented. For these states, the BRFSS data are spatially representative at the county level, but for the vast majority of states, BRFSS data are spatially representative at the state level only. The survey collects information from respondents regarding their county of residence, but having this information on file does not necessarily mean that the data are representative of counties. This feature is common to other national health surveys, and the purpose of this article is to make users aware of the hazards of improperly interpreting or over-generalizing findings geocoded to smaller scales than supported by the sampling methodology.
Non-spatially representative data have limitations, and these should be recognized. It is important to employ critical spatial thinking before embarking on analyses using data with geographic identifiers. The most important consideration is whether the data are spatially representative of the geographic scales at which conclusions are drawn from the research. The following example illustrates the problems that arise when data are over-generalized beyond the spatial support they provide.
Recent efforts by the Centers for Disease Control and Prevention (CDC) have focused on using the small, survey-based BRFSS to identify areas in greatest need of diabetes intervention. Barker et al (2011) used CDC's predicted diabetes prevalence data (CDC, 2009; to identify 644 high-risk counties in a wide "diabetes belt" across the Southeast. Based on the study's findings and prescriptions, investments in diabetes control interventions and infrastructure are apparently needed in more than 25% of U.S. counties. However, the BRFSS sample on which the Barker et al. (2011) study was based was not designed to be a spatially representative sample of county populations. The sample sizes in many counties are too small to produce direct estimates of local outcomes, and about 25% of counties are not represented at all (Frazier et al., 1992) .
In Exhibit 1, we reproduced the diabetes belt graphic from Barker et al. (2011, Figure 2 ) using CDC's predicted diabetes prevalence data (CDC, 2012) . In the right panel, we show the actual BRFSS survey data sample sizes for [2007] [2008] on which the predicted diabetes prevalence estimates were based, overlaid with the diabetes belt from Barker et al (2011) . Areas with more than 50 sample observations are deemed spatially representative, based on CDC's recommendations, and are colored in gold. Areas with some data but less than 50 observations in the pooled years is colored grey, and areas with no data are colored white.
It is evident that large patches of the predicted diabetes belt are supported by very little spatial data. It is particularly troubling that the wide swath of the predicted belt across the state of Georgia was based on so little sample information. The Atlanta metropolitan area, with large samples, was not included in the belt. Carolina data are more reliable, because the state systematically oversamples to yield at least 50 sample respondents in each county, so the existence of a diabetes belt there is more credible. Barker et al (2011) use BRFSS survey data to demonstrate areas of greatest need, using methods designed to deal with the sparse information from surveys and to extrapolate via smoothing methods to provide some mapped patterns describing needy areas (Barker et al., 2011; CDC, 2009) . When using smoothing approaches for mapping, data are often pooled across years to increase sample sizes in counties and fill in data for missing counties (Jia et al., 2004; Pickle & Su, 2002) . The county-level estimates mapped in the Barker et al. (2011) study were based on a small area estimation approach that employs a statistical model that "borrowsstrength" in making an estimate for each county by using data collected in other counties nearby. More specifically, the estimates of diagnosed diabetes prevalence for all counties were spatially smoothed using a Bayesian model with a conditional autoregressive prior that is useful for mapping smoothed estimates of the outcome (CDC, 2009; Wakefield, Best, & Waller, 2000) . In this modeling approach, the county outcome estimates are smoothed versions of multicounty clusters formed from observed outcome values in adjacent counties, irrespective of whether adjacent counties were actually similar in their observed diabetes prevalence, and ignoring other factors.
Geographic smoothing algorithms such as the one used by Barker et al. (2011) that borrow information from neighboring areas stabilize results from sparsely populated areas, reducing variability in the data, but increase the bias in the estimates for each small area (Pickle & Su, 2002) . Thus, smoothing produces a more pronounced pattern at the regional level, such as the diabetes belt depicted in Barker et al.'s Figure 2 (reproduced in Exhibit 1, above). However, the proportions predicted for any particular county by this sort of map smoothing algorithm should not be interpreted as county-level estimates by the viewer (Pickle & Su, 2002 ).
It is not widely known the degree to which overgeneralized conclusions from studies using BRFSS survey data might be misleading, because the spatially representative population counterfactual is absent. We know of only one published study that examines performance of the BRFSS at the substate (county) level using a valid counterfactual study population. Jia et al. (2004) examined data from the year 2000 to compare prevalence of disability in U.S. Census data (the population data set) with BRFSS survey sample data. They found that the BRFSS represented the nation and individual states well, which it was designed to do. However, the BRFSS did a poor job representing counties, primarily because 2,615 of 3,117 (nearly 84%) counties had less than 50 observations in the year 2000 BRFSS survey sample.
In summary, not all data that contain geographic address identifiers are considered spatially representative, hence they are not spatially sufficient data. Many surveys conducted in the United States, for example by the Bureau of Labor Statistics or the National Centers for Health Statistics, do not provide spatially representative data at small scales. Spatially representative demographic data are defined as data which are available at the geographic level at which they fully represent that area's population. US Census data are fully representative of households at the census tract level, but not at the block group level. Why is this? This is a result of address swapping among households within census tracts, to jumble their locations across census block groups and blocks, in order to preserve privacy for householders. The block or block-group data reported by the Census do not necessarily represent the households in those geographic areas, and are not spatially representative at the block or block group level.
The Importance of Spatial Data in Social Sciences Research
Although the role of 'place' in human health has been recognized for a long time, studies focusing on public health have mostly concentrated on the person and time, with little consideration of the contribution of place (Susser & Susser, 1996) . When place is considered, the most commonly used measures are socioeconomic (poverty, education) or racial composition in the area of study (Osypuk and Acevedo-Garcia, 2010; Acevedo-Garcia et al, 2008 One of the essential components that can help in understanding disparities in human outcomes is the identification of place-specific factors. These so-called contextual factors include sociodemographic, economic, political, ecological, behavioral, and environmental variables. Information on these variables can be collected at micro, macro, or intermediary levels, or aggregated from individual-level surveys into larger area levels. Several recent papers have focused on multiple levels of influence impacting health outcomes (Osypuk and Acevedo-Garcia, 2010; Acevedo-Garcia et al, 2008) . Osypuk and Acevedo-Garcia (2010) argue that regional influences related to economic opportunities at a scale broader than the immediate neighborhood or social community are important determinants of disparities in health outcomes.
Although contextual factors data have become more available recently, many of these data are limited to macro or intermediary level (e.g., state, metropolitan area, county from sources such as the Area Resource File (ARF). Factors that require analytical derivation from micro-level data (e.g. area income dispersion index, land use mix index, index of social diversity, social capital index, 100% population-based cancer screening rates, measures of market concentration or competition, distance to providers or other access measures) are less widely available. Also, measures requiring complex computational algorithms are subject to data errors, and when these measures are created independently by each research team, a proliferation of different sources of measurement error may occur. Thus, results from various studies are less comparable because of data errors or other factors that reduce comparability, such as use of different algebraic expressions, units, or functional forms or data with different geospatial or time coverage (Schad et al, 2011) .
Availability of a Comprehensive Set of Spatially Representative Data
The Spatial Impact Factor Database and the web services available for mapping, downloading, and searching it were supported by a grant from the National Institutes of Health to support work at RTI International and Arizona State University. Web links for downloading the SIFD and user documentation can be accessed through the project websites (https://rtispatialdata.rti.org;
http://geodacenter.asu.edu/projects/rti ) . Given the definition and examples of spatially representative data above, it is clear that the SIFD contains spatially-representative data, and is thus a reliable spatial data resource. The SIFD provides a comprehensive set of geospatial factors merged together in a single database for each geographic scale, which is convenient and can reduce the need for duplicative efforts while providing conformity in measurement or processing errors across studies using the same database. It provides a consistent source of reliable, high quality measures characterizing contextual environments in which people live, and is provides full metadata documentation for each variable (original source and date, units of measurement, detailed algorithms used to develop complex measures, special considerations or caveats).
The main purpose for developing the SIFD was to provide to the research community a comprehensive set of geospatial variables, reflecting social, physical, natural, economic, and other dimensions of the socio-ecological environment, at various spatial scales. Most demographic and health disparities research to date includes only a limited set of contextual factors, mainly measures of socioeconomic conditions or population proportions by race or ethnicity. Because recent thought leaders stress the importance of a variety of factors operating at many levels of influence, our goal was to provide readily-accessible spatial data for a comprehensive group of variables. The first step in designing the database was to develop a conceptual model that could guide us regarding what to include in the database, and at which geographic levels. All variables were considered to represent meaningful spatial impact factors to use as explanatory variables in empirical research on health or other social science outcomes. We focused initially on conceptual modeling of the processes leading to health behaviors, healthcare utilization, and healthcare outcomes. We searched the literature for conceptual models of socio-ecological processes and blended several into a hybrid construct. The conceptual model that we used to guide development of the database contents (Exhibit 2) describes spatial interaction among people and characteristics of their contextual environments along the pathways to healthcare utilization, allowing for multiple levels of influence, which we describe in detail elsewhere (Mobley et al, 2008; . This is a hybrid model that incorporates the classic behavioral model of utilization (Aday& Andersen, 1974) and a model of spatial interactions in health care access and utilization (Khan & Bhardwaj, 1994) . The series of nested and overlapping boxes in the diagram are intended to represent the interactions at various geographic scales and among various sets of factors with people along the various pathways to population health outcomes. This conceptual model is consistent with a historical topic in the epidemiology literature which advocated "eco-epidemiology" as a useful new paradigm for modern epidemiological research (Susser & Susser, 1996) . This paradigm views the individual as existing within a set of nested constructs, where each level is part of a broader system and interacts with those above and below it. The eco-epidemiological paradigm was subsequently embraced in applied public health research through the constructs of multilevel modeling (Susser & Susser, 1996; Bronfenbrenner, 1979; Sallis, Bauman & Pratt, 1998; Sallis & Owen, 1999; Sallis, Owen & Frank, 2000; Baranowski, Anderson & Carmack, 1998; Smedley & Syme, 2000; Schmid, Pratt & Witmer, 2006; Schulz et al, 2005; Blakely & Woodward, 2000; Duncan, Jones & Moon, 1996; 1998; DiezRoux, 1998; Krieger 1994 ).
In the model presented in Exhibit 2, which we have used to study cancer screening and stage at diagnosis (Mobley et al, 2008; Kuo, Mobley & Anselin, 2011) , each of the states in the US might represent a semi-autonomous macrolevel healthcare environment with unique and decentralized cancer control programs, regulatory environments, insurance laws, and political environments that are state-specific and varied across the landscape. Within the states, state healthcare environments are governed by local and regional politics, social systems, and market level forces that determine supply factors, and community or neighborhood-level forces that determine social or demand factors. Individuals exhibit predisposing, enabling, and need characteristics which interact with the forces in the broader system. These different forces and levels of influence are reflected in the conceptual model represented in Exhibit 2.
Resonant with the conceptual model, the SIFD encompasses a comprehensive set of geospatial variables, reflecting social, physical, natural, economic, built, and other dimensions of the socio-ecological environment, at various spatial scales. The database includes as many geographic levels and time periods as were possible, based on availability of existing spatially representative data for each geographic level. We focused for the most part on publicly available data that could be easily obtained, and supplemented this with a number of calculated variables that were both time and resource intensive. Several cross-sectional data sets at different time periods have been included, from 1960-2009, for data available in multiple periods. An overview and description of all data elements available in Version 4 is provided in Table 1 . 1993-1995; 1997-1999; 2000-2004; 2009 county The SIFD provides numeric data combined from multiple sources and multiple time periods, defined for multiple levels of geography (census tract, ZCTA, county, PCSA, and MSSA). The SIFD includes only 'spatially representative' data elements, representing entire populations, subgroups, or measurements of things, in all areas of the US. No modeled, interpolated, kriged, or Bayesian small area estimates are included in the database. (One exception is the EPA's Air Toxics Inventory data, which are modeled data from EPA collection sites; full metadata describing the modeling is provided as part of the metadata in the SIFD). When observations in the database appear to be blank, this signifies that no data or measurements were actually available for that time and place. Blanks where data are missing are NOT filled with zeros. This is an important aspect of quality control that we provide throughout the database. Exceptions are noted in the metadata, where blanks filled with zeros were obtained from the prime source of data (e.g. crime data with zeros filled for the entire states of Florida and Illinois).
The SIFD includes calculated measures of residential segregation by race or ethnicity in several dimensions; a land use mix index reflecting urban sprawl; some modeled data provided by the Environmental Protection Agency on toxins in air/soil/water (which may contain interpolation errors beyond our control); data describing SES, income disparity, cost of living, and health insurance; data describing transportation congestion factors, climate, and topography; a social capital index for three years spanning 1990-2005; food security data, and many other measures reflecting social cohesion or support from US Census data. Perhaps of greatest interest to practitioners, cancer control planners, and researchers is the small-area screening rates data that were developed from 100% Medicare claims files. These screening variables are for breast or colorectal cancer screening utilization among FFS Medicare beneficiaries for each year 2001-2006. The SIFD is a freely available, comprehensive set of socio-ecological and environmental variables, useful in characterizing the contextual environments in which people live. All items distributed in the public use database have met data user restrictions and privacy protection protocols whenever these exist. No data will be distributed that violate personal privacy, licensing, or data use agreement restrictions or requirements. This resource represents spatially representative data that can be combined with other sources for research in spatial demography.
